ABSTRACT Epileptic seizures are caused by excessive, synchronized activity of large groups of neurons. In human electroencephalograph (EEG), they are reflected by multiple epileptic characteristic waves. Based on the idea of template matching, this paper presents a patient-specific approach for the automatic detection of epileptic seizures. In our method, a set of wavelets are constructed based on the epileptic characteristic waves extracted from training EEG signals, and then continuous wavelet transform (CWT) is performed on the recorded EEG. The coefficients of CWT reflect the similarity of the recorded EEG and the epileptic characteristic waveforms and thus can be used to detect if the epileptic characteristic waveforms exist in the EEG. After applying data fusion to the CWT coefficient matrices corresponding to the multiple constructed wavelets, the boundaries of seizures can be determined. In the experiment, our constructed wavelets performed better in the detection of epileptic characteristic waves compared to the Daubechies wavelet. We analyzed the EEG of 10 patients and our method detected 32 out of 34 seizures and declared five false detections. Therefore, our method is promising for the automatic detection of epileptic seizures and the real-time monitoring of patients' EEG signal.
I. INTRODUCTION
Epilepsy is a chronic neurological disorder of brain that affects millions of people in every country around the world. According to the World Health Organization (WHO), approximately 50 million people worldwide suffer epilepsy, making it one of the most common neurological diseases globally [1] . Epilepsy is characterized by temporary symptom occurrence, such as loss of awareness or consciousness, a result of excessive electrical discharges in a group of brain cells.
For typical clinical patients with epileptic seizures, epileptic characteristic waves can be found in the EEG signals of most of them. The epileptic characteristic waves basically have several types: sharp wave, spike wave and spike-slow complex wave (or sharp-slow complex wave). Fig. 1 . shows the three epileptic characteristic waves. The detection of epileptic EEG is mainly the detection of spike wave and sharp wave.
Automatic EEG seizure detection has received much attention in clinical and engineering communities since the 1970s. In more recent studies, a seizure detection algorithm can often be divided into three steps, including EEG signal preprocessing, feature extraction and decision making. However, feature extraction is one of the most significant parts among them. The following three types of features are most often considered in seizure detection:
• time-domain features. In time-domain analysis, EEG features include amplitude, duration and even coefficient of variation of amplitude. Amplitude can reflect signal instantaneous energy, which will increase during epileptic events. For example, Minasyan et al. [2] used average amplitude of half-wave and other parameters to construct an input vector to an artificial neural network (ANN) classifier. Usually, the features in time-domain are vulnerable to noise. Therefore, simple procedures have been used to measure the amplitude of waves relative to the background, their duration and rhythmicity by Gotman [3] to improve these features.
• frequency-domain features. During an epileptic seizure, there is usually a change of frequencies in patient s EEG signal. Therefore, frequency-domain analysis tools can be applied to extract the change. For example, Aarabi et al. [4] have used dominant frequency as signal feature, which is defined as the peak in the power spectrum of EEG signal. This feature plays an important role in distinguishing ictal activities.
• time-frequency features. Although time-domain analysis can locate the time of a seizure accurately, it is unable to extract the frequency features of seizure signal that can reflect the speed of change in the amplitude of EEG signal. Correspondingly, frequency-domain analysis cannot determine the location of epileptic characteristic waves in time domain. Therefore, time-frequency analysis such as wavelet transform (WT) [5] , empirical mode decomposition (EMD) [6] , are most widely used for seizure detection in EEG. Abibullaev et al. [5] used wavelet composition method and double thresholding to detect the epileptic events. In [6] , EMD was applied to extract the local amplitude and frequency of the signal.
Meier et al. [7] constructed a feature vector as the input for a support vector machine (SVM) classifier by using wavelet decomposition. In time-frequency analysis of epileptic seizure signal, some existing wavelet functions, e.g., Daubechies wavelet, have been considered as the wavelet basis to extract time-frequency features [8] . Although using the existing wavelet function is a general solution for the detection, it is lack of adaptiveness to the discrepancy of the epileptic characteristic waveforms from different patients. Hence, the detection performance is not optimized for each patient. In this paper, we propose to construct wavelet functions according to the epileptic characteristic waves extracted from patient's training EEG signal. When continuous wavelet transform (CWT) based on the constructed wavelet function is performed on the recorded EEG signal, the coefficients of CWT reflect the similarity of the recorded EEG and the epileptic characteristic waveforms. Hence the epilepsy detection can be carried out automatically using the CWT coefficients. It is a patient-specific approach.
II. METHOD A. EPILEPTIC CHARACTERISTIC WAVEFORM DETECTION
The automatic detection of epileptic seizures can be described as the following problem in signal processing: Define EEG signal y(t), which is a superposition of normal EEG and epileptic characteristic waves. Our goal is to detect the epileptic characteristic waves accurately and then identify the time range of epileptic seizure from the whole EEG signal. Inspired by the idea of template matching, which correlates a known signal, or template, with an unknown signal to detect the presence of the template in the unknown signal, we first construct wavelet function based on epileptic characteristic wave, then perform CWT on the EEG signal, and finally decide the period of seizure according to the coefficients of CWT. The flowchart of the epileptic seizure detection system is given in Fig. 2 . It takes into consideration of K different types of epileptic characteristic waves and constructs K wavelet functions respectively. The results of CWT are fused to make decision. The techniques used in this system will be explained in the following. 
1) WAVELET FUNCTION CONSTRUCTION FROM EPILEPTIC CHARACTERISTIC WAVE
The approach of designing wavelet according to existing waveform has been studied in [9] . Assume that an epileptic characteristic wave has been extracted from an epileptic EEG signal. We need to construct a function ψ(t) that fits well with the N sample points of the EEG signal, (t 1 , y 1 ), (t 2 , y 2 ), . . . , (t N , y N ). Meanwhile, ψ(t) is also a wavelet function that must satisfy the condition
We can construct the approximation in the least squares sense if the function ψ(t) takes the polynomial form
If we set
T , then the optimization problem reduces to the following form
where · 2 denotes l 2 norm. By introducing Lagrange multiplier λ, (3) can be solved via solving the following equations
(4) can be reformulated into matrix form as
The constructed wavelet function is built according to (2) with the solution of (5).
As an example, Fig. 3 . shows the result of wavelet construction based on an epileptic characteristic wave extracted from a patient's seizure EEG signal. In this figure, the constructed wavelet matches the EEG epileptic characteristic wave well. Compared with Daubechies wavelet, the new wavelet constructed based on the recorded epileptic characteristic wave keeps more features of original seizure signal. Hence it is possible to extract better features for seizure detection through wavelet transform.
2) CONTINUOUS WAVELET TRANSFORM FOR EPILEPTIC DETECTION
In this paper, we use CWT for the detection of epileptic seizure. A detail introduction to CWT has been presented in [10] .
A mother wavelet function ψ(t) is a function of finite energy and zero average,
It is normalized as ψ(t) 2 = 1. We can obtain a family of time-scale wavelet functions by translation and scaling
where a > 0 represents the scale and b is the translation. Then the continuous wavelet transform of a function f (t) is
where W T f (a, b) is called wavelet transform coefficient. For the purpose of seizure detection, three problems shall be considered regarding CWT.
• Multiple wavelet construction: Since there often exist multiple types of epileptic characteristic waves in the EEG of a seizure, to detect all of them, we suggest to construct multiple mother wavelet functions, each from one typical epileptic characteristic wave. Practically, in the recorded EEG signal where expert has annotated the time boundaries of a seizure, multiple epileptic characteristic waves can be extracted from the seizure signal. For the convenience of later processing, we empirically choose the same length L for them. And for each epileptic characteristic wave char_wav k , we use the method introduced in Sec. II-A.1 to construct a wavelet function wav k and therefore we have the wavelet function set,
where K is the amount of the typical epileptic characteristic waves.
• Determining the range of scale and translation: The CWT operates on a set of scales and translations. When we use the CWT with constructed wavelet functions to process the EEG signal, it is important to determine the set of scales. Large set of scales causes high computational complexity and small set of scales causes insufficient feature extraction. Here, we restrict the set of scales in a practical manner. Because the EEG signals are sampled before processing, the set of scales is determined by the sampling rate of the signal f s (Hz). Since most epileptic characteristic waves have limited frequency range (e.g., within [3Hz, 29Hz] in [3] ), it determines the period of each epileptic characteristic wave (including spike wave and sharp wave) to be not less than T min seconds and no more than T max seconds. Thus the length of epileptic characteristic wave M (presented as the number of sample points) can be estimated by
Since the constructed wavelet is normalized to the range [0,1], the scale a on the constructed wavelet indicates the wavelet being stretched to the length a. Then we can identify that the range of scales is a
, where L represents the length of patient's EEG signal. Since the peaks in the coefficients of CWT indicate the existence of the epileptic characteristic waves, the corresponding scale and the translation of the peak can help to identify the length and the position of the detected epileptic characteristic wave respectively.
Finally, the same range of scales has been selected for each constructed wavelet function in CWT, hence the result of CWT for each wavelet function, which is in fact a coefficient matrix, has the same size.
• Normalization of wavelet coefficients: Before applying CWT, the constructed wavelet function has been normalized but the original EEG signal has not. The value of CWT coefficient will change when the wavelet function is matched to the EEG signals with different amplitudes. Therefore, the following normalization is necessary on the CWT coefficients,
where f a,b (t) 2 denotes l 2 norm of the signal f a,b (t), which is the segment of the EEG signal f (t) at the time t = b and with the length of a. Obviously, the resultant CWT coefficients satisfy wt f (a, b) ∈ [0, 1], and therefore the difference in the amplitude of EEG signals does not affect the detection result.
3) DATA FUSION
As shown in Fig. 2 , after the wavelet function set is constructed and the ranges of scale and translation of the wavelet transform are determined, the EEG signal of patient can be processed by CWT. For each constructed wavelet function in the set, the output of CWT is a coefficient matrix WT k , k = 1, . . . , K . These matrices will be fused to give the final detection result. Because the K coefficient matrices WT 1 , . . . WT K have the same size, the following two simple data fusion methods are applicable.
• Maximum value method: A maximum coefficient matrix WT is calculated with each entry taking the maximum value of the corresponding entries in WT 1 , . . . WT K , i.e.,
where w ij ∈ WT, w (k) ij ∈ WT k , k = 1, 2, . . . , K . The significance of the maximum value method is to find the constructed wavelet function that has the most resemblance with the patient's EEG signal at the corresponding scale and translation in the constructed wavelet function set.
• Mean value method: A mean coefficient matrix WT is calculated with each entry taking the mean value of the corresponding entries in WT 1 , . . . WT K , i.e.,
where w ij ∈ WT, w (k) ij ∈ WT k , k = 1, 2, . . . , K . The significance of the mean value method is to obtain the mean resemblance of the constructed wavelet functions with the patients EEG signal at the corresponding scale and translation.
4) DECISION MAKING
After the data fusion, we will decide through thresholding method whether there exists epileptic characteristic wave in the EEG signal. If a CWT coefficient (at a certain time and scale) is greater than a predefined threshold θ 0 , it means that an epileptic characteristic wave is detected at that time in the signal. As we known, there occur lots of epileptic characteristic waves in EEG signal at the period of epileptic seizure. Based on the result of thresholding on CWT coefficients, the time of epileptic characteristic waves can be figured out as a vector or displayed on axis. And then we can find out all the segments of detected seizures, the skill of which will be described in Sec. II-B. Some of the recorded EEG signals have already been inspected by expert and the boundaries of seizures have been marked normally. For these patients, the threshold value θ 0 can be adjusted to a proper value based on these labeled data.
B. DETECTING SEIZURES BASED ON EPILEPTIC CHARACTERISTIC WAVE DETECTION
There occurs a large number of epileptic characteristic waves in patient's EEG signal during a seizure. By applying the detection method proposed in Sec. II-A with constructed wavelet set and the data fusion, the area of seizure in EEG signal can be identified by the occurrence of detected epileptic characteristic waves. Hence the boundaries of the seizure can be annotated. Figure 4 shows a 200-second record of a scalp EEG and the result of applying our method with the set of wavelets (wav 2 , wav 4 , wav 7 ) constructed above. In the upper subplot, there exists a 40-second seizure from 2996s to 3036s annotated by expert. In the lower subplot, intensive emergence of the contour lines from around 3003s to 3045s, which indicates the detected epileptic characteristic waves, reflects the period of the seizure. Other sparse occurrence of contour lines are not considered as seizure.
To identify the location of a seizure, we first need to find out the occurrence of all the epileptic characteristic waves in the contour plot, Then, calculate every time interval between two successive detected epileptic waves. If the interval is small, the two waves belong to the same seizure. Otherwise, they are categorized into different seizures. Details of the algorithm is given as Algorithm 1.
Finally, we count the number of the detected epileptic characteristic waves in each detected seizure. If one seizure has few characteristic waves, it will not be marked as a detected seizure.
III. NUMERICAL EXPERIMENTS A. CHB-MIT SCALP EEG DATABASE
This database, collected at the Children's Hospital, Boston, consists of EEG recordings from pediatric subjects In our method, every patient's EEG signals were divided into two parts: the training signal and the testing signal. Some epileptic characteristic waves were extracted from the seizure in the training signal to construct wavelet functions in our method, which will be applied to the epilepsy detection in the testing signal.
B. EPILEPTIC WAVE DETECTION WITH DIFFERENT WAVELET FUNCTIONS
For the purpose of seizure detection, we have proposed to construct a set of wavelet functions based on characteristic EEG waves. In the experiment, for comparison, different wavelet functions (including the constructed wavelet, the well-known Daubechies wavelet and Symlet wavelet) have been applied for seizure detection in EEG signal. The performance was evaluated by the True Positive Rate (TPR) and False Positive Rate (FPR). TPR is a measure of the algorithm ability to detect epileptic characteristic waves, and FPR is a measure of false detection by the algorithm. A good detection algorithm usually has high TPR and low FPR.
As an example, Figure 5 illustrates the results of applying db4 wavelet and a constructed wavelet to the EEG signal of a patient. Contour plot of the CWT coefficient matrix is shown, with the threshold value θ 0 = 0.8 (if θ 0 < 0.8, the contour will not appear in correct positions). From the plot we can observe the positions of the detected epileptic characteristic waves. Compared to the result of using db4 wavelet, the performance of using constructed wavelet is much better, which displays more detected epileptic characteristic waves in the correct positions. In this example, we only used single constructed wavelet function to make contrast with the db4 wavelet.
Next, we constructed 10 wavelet functions wav 1 , wav 2 , . . . , wav 10 based on 10 different epileptic characteristic waves. Then, db4 wavelet, sym4 wavelet and these 10 constructed wavelets have been applied to the same EEG signal respectively. Figure 6 shows the TPRs of the detection with different wavelet functions. From Figure 6 , the application of every constructed wavelet function achieved higher TPR than db4 wavelet and sym4 wavelet for the same threshold value (θ 0 = 0.8 or 0.85).
The detection performance of different wavelet functions was further assessed using the receiver operating characteristic (ROC). Each ROC curve is obtained by variation of threshold value. As shown in Figure 7 , the ROC curves corresponding to the 10 constructed wavelet functions are closer to the top left corner of the coordinate system than db4 wavelet and sym4 wavelet. In other words, for a certain FPR, the TPRs (also sensitivities) of the detection using the constructed wavelet functions are higher than those of db4 wavelet and sym4 wavelet.
On the other hand, from Figure 6 , significant discrepancy exists in the detection performance of applying different http://www.ieee.org/publications_standards/publications/rights/index.html for more information. This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. constructed wavelet functions. For example, the TPR of using wav 4 is higher than 0.9, while those of using wav 9 or wav 10 are lower than 0.7, when θ 0 = 0.8. Therefore, we consider to select wavelet function set, and apply the method based on multiple wavelet functions, which has been proposed in Section II-A for epileptic characteristic wave detection. The data fusion with maximum value method has been applied. Figure 8 shows the ROC curves of the detection with different wavelet function sets. Compared to the case of using the single wavelet wav 4 , which has achieved the best performance among all the ten constructed wavelets, the detection performance of using the other three wavelet function sets are better. Moreover, the threshold value θ 0 can be determined by ROC curves. We can designate an ąřideal regionąś which reflects the minimum condition to be satisfy. For example, if the detection sensitivity should be greater than 0.8 and the false detection rate should be less than 0.05, we can draw a line from (0,1) to (0.05,0.8) in the coordinate shown in Figure 8 . The intersection of that line and ROC curve suggests the appropriate threshold value for the detection.
C. DETECTION RESULTS OF EPILEPTIC SEIZURE
In the experiment, we randomly chose 10 patients in the CHB-MIT database, and constructed the set of wavelets for detection based on their own recorded EEG seizures and applied it to the other EEG signals of the same patient for test. Table 1 presents the result in the seizure detection. For each patient, there are more than one expert-identified seizures. If the duration of expert-identified seizure is also detected by our method, it is a correct detection. Otherwise, it is a false detection. And for different patient, we need to find the best threshold value for detection. With our proposed detection method, totally 32 out of 34 seizures have been correctly detected, while there were 5 false detections. 
IV. CONCLUSION
A patient-specific wavelet based approach for automatic epilepsy detection has been presented. Unlike the traditional approaches using existing wavelet functions, in our method, the continuous wavelet transform is based on the wavelet functions constructed from patient's epileptic characteristic waves. Hence it is more adaptive to the discrepancy of the epileptic waves from different patients. From the experimental results, our approach demonstrated better epilepsy detection performance compared to CWT with Daubechies and Symlet wavelets. In the future, this method has potential applications in automatic seizure diagnosing and monitoring. 
